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ABSTRACT
Totten, Virgil M.S.E.C.E., Purdue University, May 2008. Application of Vehicle
Detector Waveforms in Vehicle Re-Identification and Evaluating Detector Installation
Performance. Major Professor: James V. Krogmeier.
Vehicle detectors in arterial roads and highways have long been used by the trans-
portation management community for the purposes of determining vehicle presence
at stop bars and traffic volume at a single point in a traffic stream. Advanced analysis
of vehicle detectors and the waveforms they produce has recently become an area of
increased interest in the transportation community. In this thesis, several applications
of the waveforms produced by vehicle detectors will be explored.
Presently there is limited testing performed to evaluate a detector installation.
By using vehicle signatures captured from vehicle detector waveforms, it is possi-
ble perform a more robust evaluation of detector installations. Several metrics for
determining installation performance are presented.
Determining the travel time of a traffic stream over a significant distance is a much
sought after goal by the transportation community. Vehicle signatures provide the
foundation for a correlation based method of re-identifying vehicles over significant
distances using existing transportation management infrastructure. Through the ap-
plication of this vehicular re-identification, along with selective filtering of the data,




Anyone who’s driven on a road in the United States has likely noticed circular or
octagonal cuts in the road that has been filled in (Fig. 2.1(a)). These cuts are the
result of installing vehicle detectors in the roadway. The transportation management
community has long used vehicle detectors to calculate traffic volume at a single
point in a traffic stream and to identify the presence of vehicles at a stop bar, which
is often used to change the direction of traffic allowed to move through a signalized
intersection.
Recently advance analysis of vehicle detectors, specifically the waveforms they
generate, has become an area of great interest for the transportation community
By analyzing the waveforms created by these detectors as vehicles drive over them,
one can develop a better understanding of the performance of detector installations.
Additionally one can generate profiles of vehicles from these raw waveforms, in order
to classify the vehicles. These profiles can then be used in vehicle re-identification;
matching vehicles between an upstream and downstream location.
In this thesis several new metrics are proposed for the evaluation of vehicle detector
installations which provide a more complete depiction of detector performance than is
currently achieved. Vehicle re-identification, specifically the application of travel time
estimation, is analyzed using lossy detectors. However, through intelligent selection
of the re-identification data, it will be shown that one can achieve accurate travel
time estimates.
2
2. LOOP DETECTOR TECHNOLOGIES
There are many methods of detecting vehicles in transportation applications such as
Automatic Vehicle Identification (AVI) tags [1–3], video cameras [4], side-fire radar,
monitoring of cellular phone usage in an area [5], as well as inductive and magneto-
inductive loop detectors [6]. This work focuses on inductive and magneto-inductive
loop detection, which are two of the most commonly found types of vehicle detectors.
Inductive and magneto-inductive loop detectors are primarily found at stop bars, but
are also used along free-flowing sections of arterial and highway roads.
Since inductive loop detectors are a large part of the pre-existing transporta-
tion management infrastructure, they are ideal for use in vehicle profiling and re-
identification applications, like travel time estimation. Also, inductive detectors are
embedded in the roadways, therefore requiring no augmentation of existing vehicles
(like the addition of electronic tags to vehicles), which has the benefit of decreasing
cost to end-users as well as alleviating potential privacy concerns. This is because
the profiles vehicles produce, while somewhat unique, cannot be tracked to the exact
vehicle (i.e. license plate number [7], VIN, owner information, etc.) that created the
signature.
2.1 Inductive Loop Detectors
Inductive loop detectors, as the name suggests, are simply coils of wire placed in
the pavement to detect vehicles. While there are a variety of coil configurations in
use, the six feet by six feet (6’x6’) loop (Fig. 2.1(b)) is one of the most commonly
installed inductive loop types, at least by the Indiana Department of Transportation;
and is the focus of this work when considering inductive loops. A 6’x6’ loop consist
of a few turns of wire in either a circular or octagonal shape. Octagonal loops are
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usually found in retrofitted installations (Fig. 2.1(a)), where existing pavement is cut
and then covered over to install the inductive loops. The wiring for these loops is
then run back to a cabinet at the side of the road, where the loop is connected to a
detector card. While the loops can be connected to the detector card as individual
loops, as in the case of a speed trap, they can also be connected in series with other
neighboring loops in the same lane, in the case of a vehicle presence zone at a stop
bar. These presence zones are usually two to four series connected 6’x6’ loops that
are spaced approximately 10 feet apart.
Despite the potential configuration differences, the underlying technology remains
the same. The detector card forms a simple RLC circuit with the loop (L) which
the card then energizes, thereby creating an oscillating signal in the circuit. When
nothing is over top of the loop, the oscillation frequency of the circuit is detected
and used as a reference frequency. As a vehicle drives over the loop, the conductive
material of the vehicle causes a change in the oscillation frequency of the RLC circuit.
This change in frequency from the reference frequency is identified by the detector
card. The card calculates ∆f/f which is the percentage change in the oscillation
frequency that has occurred in the RLC circuit, relative to the reference frequency.
As vehicles drive over the loop, they cause ∆f/f to change over time, from which
one can create profiles for vehicles, which are affected by the underside composition
of the vehicle. A vehicle’s signature is also affected by the vehicle’s height above the
pavement and its lateral position in the lane relative to the peak detection area of the
loop; both of which decrease the amplitude of the vehicle’s ∆f/f signature. These
signatures are discrete time signals sampled from a continuous waveform.
Figs. 2.2(b) and 2.2(c) show the profile of a passenger vehicle passing over the lead
and lag sensors in an inductive loop speed trap. This speed trap consists of two 6’x6’
loops 22 feet apart. As seen in these figures, the 6’x6’ loop is not very discriminating
with a typical passenger vehicle, as the vehicle’s profile is effectively that of a large
metal sheet passing over the loop.
4
(a) Inductive Loop Sensor
6’
(b) Inductive Loop Drawing







(d) Magneto-Inductive Loop Drawing
Fig. 2.1. Inductive vs. Magneto-Inductive Sensor Comparison.
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(a) Vehicle









(b) Inductive Lead Loop Signature









(c) Inductive Lag Loop Signature













(d) Magneto-Inductive Lead Loop Signa-
ture













(e) Magneto-Inductive Lag Loop Signa-
ture
Fig. 2.2. Inductive vs. Magneto-Inductive Signature Comparison: Typical Vehicle.
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(a) Vehicle










(b) Inductive Lead Loop Signature










(c) Inductive Lag Loop Signature













(d) Magneto-Inductive Lead Loop Signa-
ture













(e) Magneto-Inductive Lag Loop Signa-
ture
Fig. 2.3. Inductive vs. Magneto-Inductive Signature Comparison: Atypical Vehicle.
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2.2 Magneto-Inductive Loop Detectors
As seen in Figs. 2.1(c) and 2.1(d), magneto-inductive loop detectors are point
sensors, but are designed to mimic the performance of larger inductive loop detectors.
Magneto-inductive loop detectors are transducers that convert changes in vertical
component of the earth’s magnetic field to changes in inductance [8]. From this
change in inductance, the magneto-inductive detector creates a ∆f/f profile for the
vehicle (Figs. 2.2(d) and 2.2(e)), in the same way an inductive loop detector does. The
main difference between the magneto-inductive and inductive sensors is the negative
portion of the ∆f/f signal for the magneto-inductive sensor that follows an increase
in ∆f/f . This following, although often initial, negative portion of the signal is the
result of a vehicle that is just outside of the detection area of the sensor attracting the
local magnetic field around the sensor. This results in a decrease from the nominal
strength of the earth’s magnetic field observed by the sensor. The magneto-inductive
sensor is only impacted by ferromagnetic material around it [8], and is therefore more
sensitive to the underside composition of vehicles than the inductive sensor.
2.3 Signature Segmentation
Using the raw ∆f/f signal from a loop detector for vehicle profiling applications
requires the segmentation of the signal into individual vehicle signatures. All loop de-
tector manufacturers have a “call” function in their cards to indicate the presence of a
vehicle over the loop or loops. While these call functions are proprietary, experimen-
tation has shown the call to be roughly based on a simple threshold of the incoming
∆f/f signal. While this approach is adequate in most cases, its performance suffers in
situations with significant noise in the signal. Incorrect calls will cause some vehicles
to be incompletely segmented or broken up into multiple segments, which is common
with large trucks (Fig. 2.3), especially when using a magneto-inductive sensor.
The work contained here-in uses a simple modification of the manufacturer’s call
when extracting inductive loop signatures. This modification is a widening of the
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detection window to ensure that the vehicle is fully captured. For magneto-inductive
loops, the energy of the raw ∆f/f signal was computed for blocks of 20 samples.
A threshold was then applied to this energy calculation to segment out a vehicle’s
profile. The applied threshold was α · µ(Energy), where µ(Energy) is the average of
the entire energy waveform for the ∆f/f signal, and α is a scalar multiple that was
empirically chosen to minimize the occurrence of improperly segmented signatures [9].
While these segmentation approaches are not the most robust, they were adequate
for this work.
2.4 Vehicle Classification
As seen in Fig. 2.2, typical passenger vehicle produce simple ∆f/f profiles, pro-
files that are similar to those produced by other passenger vehicles. This lack of
uniqueness is seen in both inductive and magneto-inductive sensors. While there is
more complexity in the magneto-inductive signature than the inductive signature,
it is not enough to distinguish one sedan from another. Vehicles that produce sig-
natures that match well with themselves as well as the majority of vehicles in the
traffic stream are classified as “typical”. Examples of typical vehicles are: passenger
vehicles, minivans, pickup trucks, and most SUVs. This lack of unique characteris-
tics in the signatures of typical vehicles presents a significant challenge when using
inductive or magneto-inductive sensors for any type of vehicle re-identification ap-
plication. Fortunately for these applications there are “atypical” vehicles, vehicles
who’s ∆f/f profile only matches well with itself. By focusing on atypical vehicles,
as will be shown later, performance can be improved when attempting to re-identify
vehicles based upon their ∆f/f signatures.
2.5 Atypical Vehicle Detection
While manual visual classification of atypical signatures is useful when ground-








Corr(X,Y) Max > t − Typical
< t − Atypical
Fig. 2.4. Atypical Vehicle Detection Block Diagram.
post-processing scenario. Therefore an automated approach is desirable to determine
atypical vehicles. This is accomplished by testing how similar all segmented signa-
tures are to a typical signature. Those signatures that are dissimilar to a typical
signature are considered atypical; all other signatures are classified as typical. Fig.
2.4 illustrates how atypical detection is accomplished through the use of a matched
filter. A “typical” typical vehicle signature is chosen as the impulse response of a
matched filtered that is then used to test all other signatures. The cross-correlation
between the unclassified signature and the test signature is normalized by the norms
of both signatures. An empirically chosen threshold, t ∈ [0, 1], is then applied to the
maximum of this normalized cross-correlation, in order to decide which signatures are
typical and which are atypical.
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3. DATA COLLECTION
In this work two data collection situations are explored. First, a single speed trap
consisting of two loops spaced close together (Table 3.1); and second, a dual speed
trap created by two traps that are a significant distance apart (Table 3.2). The data
from each trap is collected independently and then combined during the analysis of
the data set in dual trap situations. At a data collection site the loops in each speed
trap are connected to a two channel detector card, which is then connected to a
laptop using manufacturer supplied software to record the ∆f/f waveform from each
loop. Also at each site, video cameras showing the speed traps, with a timestamp
overlay that is synchronized to the laptops, are recorded onto DVDs and used to
determine ground truth for the data set. Once the ∆f/f waveforms from each trap
have been processed, the ∆f/f signature of each vehicle, along with a picture of the
vehicle, is loaded into a database for further analysis (Fig. 3.1). In order to eliminate
potential mismatches with vehicle re-identification, if a vehicle is traveling at different
speeds at the upstream and downstream speed traps, all signatures in a dataset are
normalized to a common speed (Fig. 3.2). After normalizing by speed, all signatures
are normalized to unit energy.
3.1 Stadium Ave. & US-231
Single speed trap tests were conducted at the intersection of Stadium Avenue
and US-231 (Fig. 3.3) in West Lafayette, IN where both inductive and magneto-
inductive loops were analyzed. Data is collected as vehicles pass over the inductive
speed trap (NB8, NB6) and the magneto speed trap (NBM7, NBM5), with each loop
pair having a spacing of 22 feet. These two speed traps are a sufficient distance away










Fig. 3.1. Data Collection Block Diagram.









































Fig. 3.2. Data Collection Processing Block Diagram.
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Table 3.1
List of Single Speed Trap Experiments
Location Lane Date Duration (HR) Detector Spacing
US-231 NB8,6 North Right 5/28/2007 6:45 22 ft
US-231 NBM7,5 North Right 5/28/2007 6:45 22 ft
I-65 MM 128 North Left 6/20/2007 3:24 20 ft
I-70 MM 67.3 West Center 8/14/2007 2:05 20 ft
I-70 MM 67.3 West Right 8/14/2007 2:05 20 ft
I-70 MM 66.6 West Center 8/14/2007 1:34 20 ft
I-70 MM 66.6 West Right 8/14/2007 1:34 20 ft
Table 3.2
List of Dual Speed Trap Experiments
Location Lane Date Duration (HR) Detector Spacing
US-231 NBM7,5 North Right 7/12/2007 1:50 150 ft
to NBM2,1
I-70 MM 67.3 West Center 8/14/2007 1:15 0.7 mi
to MM 66.6
I-70 MM 67.3 West Right 8/14/2007 1:15 0.7 mi
to MM 66.6
conditions. The data collected from the inductive loops is sampled at 83.3 Hz, while
the magneto-inductive loops are sampled at 200 Hz. Variations in sampling rates
arise due to various settings of the detector cards at the different installations, as well
as differences between manufacturers.
An ideal dual trap scenario is simulated at the US-231 location by using the NBM7,
NBM5 trap in conjunction with the NBM2, NBM1 trap. The spacing between the
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Fig. 3.3. Stadium Ave. & US-231 Collection Site. [11]
is limited, due to the fact that traffic often queues over loops near stop bars [10],
resulting in a reduced number of properly segmented signatures from the NBM2,
NBM1 trap.
3.2 I-65: Mile Marker 128
Due to the fact that traffic often queues over loops near stop bars, additional
single speed trap tests were performed at mile marker 128 (MM 128) on I-65 (Fig. 3.4)
outside of Indianapolis, IN, where all data was collected under free flowing conditions.
The MM 128 site consists of two lanes in each direction, with data being collected
from magneto-inductive loops in the north bound passing lane (Fig. 3.5). The loops
are 20 feet apart and are sampled at 100 Hz.
3.3 I-70
Mile markers 67.3 and 66.6 on I-70, southwest of Indianapolis, IN (Fig. 3.6)
provided an actual dual speed trap scenario for experimentation (Fig. 3.7). In this
14
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Fig. 3.4. I-65 Mile Marker 128 Collection Site. [11]
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Fig. 3.5. Ariel Photo of I-65 Mile Marker 128 Collection Site. [11]
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Fig. 3.6. I-70 Collection Site. [11]
dual trap experiment the magneto-inductive sensors in the west bound center and
right lanes of MM 67.3 (Fig. 3.8(a)) served as upstream speed traps, while the
corresponding sensors in the west bound center and right lanes at MM 66.6 (Fig.
3.8(b)) served as downstream speed traps. The sensors in each speed trap are 20 feet
apart and are sampled at 100 Hz.
Technical limitations prevented simultaneous collection of data from the west
bound left lanes at MM 67.3 and MM 66.6. A highway exit between MM 67.3 and
MM 66.6 lead to a significant decrease in the number of vehicles captured from the
MM 66.6 right lane speed trap, as compared to the number of vehicles recorded in
the right lane of MM 67.3 during the same time frame.
16
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Fig. 3.7. I-70 Traffic Route. [11]
(a) MM 67.3 Site (b) MM 66.6 Site
Fig. 3.8. I-70 Loop Locations.
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4. VEHICLE SIGNATURE MATCHING
The works of Böhnke, Pfannerstill, and Kühne [12–14] are perhaps the most influen-
tial initial works on the subject of vehicle re-identification for inductive loops. The
1999 paper by Sun, Ritchie, Tsai and Jayakrishnan [15] provides an extensive analysis
of vehicle re-identification based upon the work of Böhnke, Pfannerstill, and Kühne.
Sun et al. pose the problem of vehicle re-identification as a multi-objective opti-
mization problem for the feature vectors extracted from individual vehicle signatures.
While this method provides very accurate estimates of travel time, the complexity
of the lexicographic optimization used to solve this problem makes real-time imple-
mentation of algorithm non-trivial. Additionally a significant amount of calibration
is needed to make the algorithm work for multiple sensor installations. Ritchie et
al. have presented modifications of the initial algorithm to attempt to address the
issue of algorithmic complexity [16]. These modifications have only been used to an-
alyze inductive signatures and significantly rely upon the renormalization of vehicle
signatures.
A simple but accurate way to determine how well signatures match with one
another is to use the correlation coefficient, ρ. The limited number of features in the
signatures produced by vehicles with inductive and magneto-inductive sensors lends
itself to the use of a correlation coefficient to determine how well signatures match
with one another. The correlation coefficient is affected by the similarity of the shape
of the two signatures being compared, irrespective of their potential differences in
amplitude, which are “normalized” out. While information about the vehicle’s height
off the ground is lost when the amplitude of the signatures is ignored, this aspect of
the correlation coefficient is actually useful. This is because, as stated in section 2.1,
the amplitude of a vehicle’s signature is effected not only by its height above the road
surface, but also its lateral position in the lane, relative to the peak detection area
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of the sensor. Therefore, with 6’x6’ inductive loops and magneto-inductive sensors,
the amplitude of a vehicle’s signature can be misleading, and is not necessarily a
reproducible feature.
4.1 Signature Matching Process
In either the single speed trap case, or the dual speed trap case, one is trying to
find matching vehicle signatures between an upstream and downstream loop. In the
case of a single speed trap these are simply the lead and lag sensors in the speed trap.
For a dual speed trap, these can be any permutation of the lead and lag sensors from
the two traps. As Fig. 4.1 illustrates, each captured signature from the downstream
loop (xi, i ∈ 1, 2, . . . , I) is compared to all upstream signatures (yj, j ∈ 1, 2, . . . , J).
The cross-correlation of signatures xi and yj, rij (Equation 4.1), is calculated, and
the maximum of the cross-correlation is then used in determining the correlation
coefficient between these two signatures (Equation 4.2). By taking the maximum
of rij, one is able to determine the best match between the two signatures, over all
possible offsets between them. This is particularly useful in the case of partially
segmented signatures, in which the signatures being compared may not initially line
up in their best match position. Once, ρ is calculated for all xi and yj, the upstream
signature, yj, that best matches xi is determined by finding the maximum value of
ρij,∀j ∈ 1, 2, . . . , J . In a dual trap scenario, the maximum, average, or some other
statistical calculation involving all values of ρ calculated using permutations of the
upstream and downstream lead and lag sensors, could be used to determine the best










||xi|| · ||yj|| (4.2)
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Cross−correlation (r   ) of x  & y i1 i 1
Cross−correlation (r   ) of x  & y i2 i 2
Cross−correlation (r   ) of x  & y i3 i 3
Cross−correlation (r   ) of x  & y iJ i J
. .
 .
max (r   ) / ( ||x  ||  ||y  ||)i1 i 1
max (r   ) / ( ||x  ||  ||y  ||)i2 i 2
max (r   ) / ( ||x  ||  ||y  ||)i3 i 3
max (r   ) / ( ||x  ||  ||y  ||)iJ i J
Choose y  that yields the largest
correlation coefficient.













Fig. 4.1. Vehicle Signature Matching Block Diagram
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Fig. 4.2. Correlation Coefficient Comparison.
4.2 Correlation Coefficient Comparison
Fig. 4.2 shows the comparison of correlation coefficients produced by vehicle
signatures acquired from inductive and magneto-inductive sensors. This data was
taken at the Stadium Ave. and US-231 location on 5/28/2007 using the NB8,6 and
NBM7,5 inductive and magneto-inductive speed traps. The correlation coefficient
matrices, ρ, were then calculated for each speed trap. In each speed trap, for each lag
loop signature, xi, the largest value of ρij,∀j ∈ 1, 2, . . . , J (ρi,max) was determined.
Fig. 4.2 is the distribution of ρi,max, ∀i ∈ 1, 2, . . . , I for both the inductive and
magneto-inductive speed traps. From this figure it can be seen that there is more
complexity in the magneto-inductive signatures than in inductive signatures. While
there is more complexity in the magneto-inductive signatures, the signatures produced
by both the inductive and magneto-inductive sensors look very similar to each other,
as seen by how high the correlation values are for these data sets. Chapter 5 will
discuss how this metric can be used in the evaluation of the performance of the
sensors in a speed trap.
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4.3 Signature Reconstruction
As mentioned in Ch. 2, there are a variety of loop configurations found around
stop bars. The Stadium Ave. and US-231 test site in West Lafayette, IN provides a
number of inductive loop connection permutations for experimentation. In additional
to the inductive and magneto-inductive speed traps already described, the site also
has a number of different series connected 6’x6’ loops, of which the four loops in the
south bound center lane (Fig. 4.3) provide an interesting case. The SA lane consists of
the first three inductive 6’x6’ loops nearest the stop bar connected in series (SA123),
with the last loop (SA4) isolated. The loops are spaced 9 feet between edges. This
experiment was undertaken to determine if a number of loops connected in series
provides more detail in a vehicle’s signature than a single loop.
Figs. 4.4, 4.5, and 4.6, show that within an acceptable margin of error, the
signature of the vehicle over three series connected loops can be accurately reproduced
by delaying three replicas of the original signature and adding these copies together.
Table 4.1 shows how well the estimated and actual signatures match. These estimated
signatures were created by using the time difference between the SA4 signature and
the SA123 signature to determine the time it takes the vehicle to travel from one loop
to the next. Had the speed of the vehicle been know, it could also have been used to
determine this intra-loop timing. Once the delay was determined, it was then used
to offset the three copies of the SA4 signature from each other. These estimates were
then compared to the actual three loop signature using the correlation coefficient
(Equation 4.3). The correlation coefficient was then maximized by adjusting the
delay between single loop signature copies to create the best possible estimate. These
adjustments were on the order of only a few samples. While this adjustment would
not be possible in any realistic application of a constructed multi-loop signature, it
does show how accurately a single loop signature can be used to recreate a multiple





Fig. 4.3. 1-3 Loop Configuration at Stadium Ave. & US-231 Test Site.


















Therefore a speed trap is the ideal scenario to capture signatures for vehicle pro-
filing and re-identification; the second sensor in the speed trap being necessary to
determine the speed of the vehicle. While the speed trap is the ideal infrastructure,
there may be instances, such as with arterial roads with pre-existing series connected
loops, where the installation of a speed trap may be impractical, and it may be more
feasible to be able to use the existing loops for vehicle re-identification. Figs. 4.4,
4.5, and 4.6 show that for these situations, if the profile of the vehicle over a single
loop can be captured, it can then be used to create an estimated profile of the vehicle
that can be used to match against signatures taken downstream from series connected
loops. This is not the ideal way to attempt vehicle re-identification, but it does show
the potential of this approach.
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(a) Vehicle


















(b) Delayed Single Loop Signatures and
Actual Three Loop Signatures
















(c) Actual and Estimated Three Loop
Signatures
Fig. 4.4. Signature Estimation: Atypical Vehicle 1.
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(a) Vehicle


















(b) Delayed Single Loop Signatures and
Actual Three Loop Signatures
















(c) Actual and Estimated Three Loop
Signatures
Fig. 4.5. Signature Estimation: Atypical Vehicle 2.
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(a) Vehicle


















(b) Delayed Single Loop Signatures and
Actual Three Loop Signatures
















(c) Actual and Estimated Three Loop
Signatures
Fig. 4.6. Signature Estimation: Typical Vehicle 1.
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Table 4.1
1-3 Loop Signature Estimation





5. EVALUATION OF LOOP DETECTOR
PERFORMANCE
There is a degree of imprecision that is often in the physical installation of inductive,
and magneto-inductive, vehicle sensors. Possible sources of error at an installation
include abnormal noise in the system, a difference in the depth of the sensor below the
roadway, the sensor being shifted laterally in the lane relative to the center line of the
lane, or even a rotational change in the sensor’s orientation from being perpendicular
to the road surface, in the case of magneto-inductive sensors. This imprecision in
installation leads not only to potentially significant variations in a vehicle’s profile
between speed traps that are a significant distance apart, but also between lead and
lag sensors in the same speed trap. While these variations may have a limited impact
on simple performance metrics, such as a count of the number of vehicles detected
by each sensor, the impact can be significant when attempting to re-identify vehicles,
either between speed traps or within a speed trap.
Currently there are limited tests done to evaluate the performance of an inductive
or magneto-inductive sensor installation. The testing performed is usually rudimen-
tary and involves ensuring that the detector card can detect the presence of a vehicle
over the sensors; often done by looking at the output LEDs on the detector card.
Ensuring that the speeds that the detector card reports appear reasonable, as well
as checking the number of vehicles crossing the sensor against the number of counts
reported by the detector card, are other common ways of evaluating performance.
Rajagopal and Varaiya [17] detail many of the problems that affect loop detector
performance; in particular problems with a network of sensors and problems in the
communications network used to relay data from the sensor network. They show
that the testing currently being performed on installations is inadequate and often
misreported. Rajagopal and Varaiya present three new metrics for accurately mea-
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suring detector performance; however these metrics are based on aggregate statistics
from the loop detectors. By delving deeper into the problem and analyzing the ∆f/f
waveform produced by the detector card, one can obtain a greater insight into the
actual performance of a sensor installation.
5.1 Correlation Coefficients
As discussed in Chapter 4, the correlation coefficient is a simple but accurate
method to determine the similarity between vehicle signatures. While the use of
the correlation coefficient to perform vehicle re-identification over long distances is a
more interesting problem, it will be discussed later. Over the 20 or so feet between
loops in a speed trap, one would expect to see relatively high matching performance
between the signatures a vehicle produces in the lead and lag sensors of a speed trap,
especially since these loops are monitored by the same detector card. To evaluate the
performance of an installation, one can compute the correlation coefficient between
the lead and lag signatures of the same vehicle, determining how well a vehicle matches
with itself. Ground-truth is determined by the timing of the lead to lag signatures,
since with a very high probability a vehicle that passes over the lead sensor of a speed
trap will be the next vehicle to pass over the lag sensor. Knowing the spacing of the
sensors as well as the nominal speed of traffic on the road, one can establish a tight,
but accurate, time window to look for lead, lag signature pairs, thereby establishing
ground-truth.
Fig. 5.1 shows the results of the above described vehicle self matching at five
different magneto-inductive test sites, all of which are at highway locations. As one
would expect of a good installation, there is a very high correlation between the lead
and lag signatures of a speed trap, as seen in Figs. 5.1(a), 5.1(b), 5.1(d), and 5.1(e).
However, in comparison to the other magneto-inductive sites, Fig. 5.1(c) shows a
wider distribution of correlation coefficients, indicating there is likely something dif-
ferent about this installation. The correlation coefficient cannot pin-point what that
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problem is, but it does indicate that compared to other magneto-inductive speed
traps, the I-70 MM 67.3 right lane site has a greater difference between the lead and
lag signatures created by the same vehicle. The impact of this inconsistency will be
seen later on when discussing vehicle re-identification over a significant distance, and
determining travel time for a traffic stream.
5.2 Sensor SNR
Since the ∆f/f waveform being recorded contains both a desired signal compo-
nent as well as system noise, it follows that evaluating the signal to noise ratio of
the waveform would be of value in determining the performance of a loop sensor
installation. By using the signatures for each vehicle captured over a loop sensor,
one can calculate the time-averaged power of the signal (vehicle signature) and noise
(Equation 5.1). All that is then need to calculate the pseudo-SNR (SNR∗) is to find
a section of the ∆f/f waveform containing only noise, and calculate it’s power to













Table 5.1 shows the results of the SNR∗ calculations for the same five sites that
are analyzed in Fig, 5.1. PSignal & Noise is determined by taking the average of the
calculated time-averaged power of all vehicle signatures recorded over the specified
sensor. PNoise is then determined by manually selecting a portion of the ∆f/f wave-
form that contains only system noise and is an order of magnitude or two longer than
the length of an average vehicle signature; and then calculating the time-averaged
power of this section. An automated approach is preferable for detecting noise and
necessary for any real-time application, which could be done by either classifying ev-
erything that is not a signature as noise, or by re-writing the segmentation function
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(a) I-65 MM 128

















(b) I-70 MM 67.3 Center Lane

















(c) I-70 MM 67.3 Right Lane

















(d) I-70 MM 66.6 Center Lane

















(e) I-70 MM 66.6 Right Lane
Fig. 5.1. Multiple Site Magneto-Inductive Correlation Coefficient Comparison.
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to select areas of low energy. These approaches were attempted, but due to the de-
sign of the segmentation function to select high fidelity signatures, many improperly
segmented or broken signatures, were classified as noise, and thus increasing the cal-
culated power of the noise beyond what it actually was. Therefore in order to obtain
an accurate measurement of a sensor’s SNR∗, the manual noise selection was used.
Improving the automated selection of channel noise is left as future work.
As seen in Table 5.1, all sites have high SNR∗, but the I-70 MM 67.3 west bound
right lane site has the lowest SNR∗, which supports the correlation coefficient analysis
showing that signatures between the lead and lag sensors at this site do not match
as well as at other sites. However one must be cautious about reading too much into
these results. While the SNR∗ is lower at this site, it is not drastically different.
The issue becomes where does one set an arbitrary threshold to determine if a site’s
SNR∗ is too low. Also a low SNR∗ can be the result of higher than usual noise in
the system, or a weaken signal than usual. For the I-70 MM 67.3 right lane, further
analysis showed it to be the latter case. This lower signal magnitude is likely the
result of a misplacement of the sensors, likely deeper in the roadway than normally
is the case.
Like the correlation coefficient, SNR∗, is not an end all, be all metric for deter-
mining the performance of inductive or magneto-inductive sensor. However they can
provide valuable insight into how a particular site is operating, beyond the rudimen-
tary approach of ensuring that a vehicle is detected in some manner by a detector
card.
5.3 ∆tResidual
Another method of evaluating detector performance is to analyze the vehicle
speeds from a speed trap reported by a detector card, versus the speeds of the vehicles
determined by analyzing the signatures produced by the vehicle. When a vehicle tra-




Location Lane Lead Sensor SNR∗ Lag Sensor SNR∗
I-65 MM 128 North Left 30.54 dB 31.79 dB
I-70 MM 67.3 West Center 26.63 dB 27.98 dB
I-70 MM 67.3 West Right 15.54 dB 18.67 dB
I-70 MM 66.6 West Center 32.85 dB 30.55 dB
I-70 MM 66.6 West Right 23.09 dB 24.30 dB
sensor to the rising edge of the call function for the lag sensor is used to determine the
time it takes a vehicle to travel the distance of the speed trap (∆tRise), from which
vehicle speed is determined. With the magneto-inductive data collected, the manu-
facturers call function was not provided, but as previously stated, the call function
is effectively a threshold applied to the raw ∆f/f waveform. For this experiment
a threshold was applied to the already segmented signatures to determine the rising
edge to rising edge timing. Since the threshold is susceptible to changes in the ∆f/f
waveform due to increased system noise or lower than expected power in the signal
from a vehicle, using the lead rising edge to lag rising edge timing of the call function
is not a very robust method for determining the speed of a vehicle.
At good sensor installations this simple method of speed detection should be
reasonably accurate; however, by using a correlation based approach, one can more
accurately and more robustly determine vehicle speed. The correlation based method
works as follows. The initial assumption is that as segmented, the lead and lag signa-
tures of a vehicle are perfectly aligned, and thus the rising edge to rising edge timing
would be accurate (Figs. 5.2 and 5.3). The cross-correlation between the lead and lag
signatures (Fig. 5.4) is then computed to determine if these signatures as segmented
are offset from their best possible alignment for matching. Using this offset (Equa-
tion 5.3) one can then correct the initial rising edge to rising edge time to produce an
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accurate measurement of the vehicle’s travel time over the speed trap (Equation 5.4).
This time measurement can then be used to determine a vehicle’s speed over the fixed
distance of the speed trap. By analyzing the difference between the speed trap travel
time determined by the simple rising edge to rising edge timing of the call function
and the time determined by using the correlation approach, ∆tRise−Residual (Equation
5.5), one is able to examine how well a speed trap is at estimating vehicle speeds.
At a good installation one would expect to see a narrow distribution of ∆tRise−Residual
values since at these installations the rising edge to rising edge timing should be
very close to correlation based timing. At bad installations one would expect that
the threshold used to calculate ∆tRise would be inaccurately crossed due to the low










∆tCorrect = ∆tRise − tOffset (5.4)
∆tRise−Residual = ∆tRise −∆tCorrect (5.5)
Fig. 5.5 shows that at both speed traps at I-70 MM 67.3, there is some vari-
ation in the trap travel time, but no major anomalies (σMM 67.3 Center = 27.16 ms,
µMM 67.3 Center = 1.57 ms and σMM 67.3 Right = 12.65 ms, µMM 67.3 Right = −4.85 ms).
This seems to contrast with the picture painted of the MM 67.3 right lane by the cor-
relation coefficient and SNR∗ metrics. This indicates that while there is a problem
with the MM 67.3 center lane installation, the simple metric of speed calculation is
not adversely affected by this problem. There are clearly issues with this installation,
but for basic performance statistics it is still able to perform reasonably well. Un-
fortunately, no data has been taken from a truly bad installation for analyzing how
well these three proposed metrics are at determining installation performance. This
avenue of research is left as future work.
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Fig. 5.2. Raw Channel Data.






















Fig. 5.3. Segmented Lead & Lag Signatures.
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Fig. 5.4. Cross-Correlation of Lead & Lag Signatures.



















(a) I-70 MM 67.3 Center Lane



















(b) I-70 MM 67.3 Right Lane
Fig. 5.5. ∆tResidual for Magneto-Inductive Sites.
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6. TRAVEL TIME ESTIMATION
As previously mentioned, determining the travel time of a traffic stream has been a
much sought after statistic by the transportation management community. Travel
time information can be used to adjust signal pattern timing on arterial roads and
to notify transportation engineers of potential problems on a roadway, along with
other applications. Different methods exist for determining travel time, such as AVR
tags, video cameras, and the use of inductive and magneto-inductive vehicle sensors.
Tagging technologies have the advantage that each vehicle is given a unique token
ensuring perfect, or very close to perfect, re-identification of all tagged vehicles. How-
ever this approach requires installing tags on a significant portion of the vehicles in
a traffic stream, as well as installing specialized equipment at checkpoints along the
road to read the tags. While inductive or magneto-inductive sensors may be less ac-
curate at re-identifying vehicles at successive checkpoints, they have the advantage of
using existing transportation management infrastructure, and not containing a direct
link between the captured vehicle profile and the specific information of a vehicle (i.e.
owner’s name, VIN, license plate number [7], etc.).
6.1 Theory
The premise behind determining travel time is fairly simple. First, one needs to
create a mapping between the vehicles detected at a downstream location and the
vehicles detected at an upstream location. Once a mapping is established between
these detector stations, the timestamps associated with each signature are then used
to determine the time difference between the upstream and downstream signatures,
thereby establishing the travel time between the two locations. Research has been
conducted to attempt to estimate the travel time of a traffic stream by extrapolating
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from measurements at a single detector or single speed trap [18–20]. While this
methodology combined with accurate models of traffic flow can provide reasonable
estimates of travel time, this method cannot account for conditions along the road
that would cause travel times to increase or decrease between the upstream and
downstream locations.
The correlation based method of vehicle re-identification described in Chapter 4.1
can be used to create a mapping between signatures at an upstream location and a
downstream location. Fig. 6.1 illustrates how one can compensate for the less than
perfect vehicle re-identification of inductive and magneto-inductive signatures. Once
the upstream to downstream matching is used to determine the travel time of each
matched pair, the histogram of all travel times is then computed using one minute
wide bins, centered at integer multiples of one minute. This histogram has a domain
from -N to N, where N is the length of time of the data taken between the two sites.
Feasibility constraints can then be applied to the distribution so that only valid travel
time estimates are considered. Negative travel time values are the result of obvious re-
identification mismatches and can be discarded as infeasible. Likewise, small positive
travel time values that could only occur if a vehicle was traveling at a significantly
faster speed then the rest of the traffic stream, for instance over 200 miles per hour,
can also be considered infeasible. Additionally, extremely large positive travel time
estimates can be filtered out as unlikely. While it is possible that a vehicle may stop
for a prolonged period of time between the upstream and downstream stations, after a
certain amount of time, based upon the distance between the two sites, this becomes
very unlikely.
Once the travel time distribution is distilled down to only feasible data, the bin
containing the largest number of vehicles is selected. From the distributions in Figs.
6.2 and 6.6, it can be seen that the travel times of incorrectly re-identified vehicles
appear to have a Gaussian distribution. Therefore, the largest bin will contain a
number of incorrectly matched vehicles, as well as all the correctly matched vehicles.
Since there are erroneous travel time values in the largest bin, the median value of
38

























Compute Travel Time Histogram
Downstream to Upstream Matched Pairs
Filter Travel Time Histogram
Median(Largest Bin)Travel Time Estimate
Feasible
UnlikelyInfeasible
Fig. 6.1. Travel Time Estimation Block Diagram.
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all travel times in this bin is used to determine the estimated travel time for the
traffic stream. This approach assumes that all vehicles in the traffic stream being
analyzed have similar travel times. Changes in the travel time of a traffic stream will
be discussed later.
6.2 Application Scenarios
While it is certainly possible to perform vehicle re-identification between the lead
and lag sensor in a single speed trap, aside from evaluating detector installation
performance, as shown in Chapter 5, estimating the travel time of a traffic stream
across the twenty or so feet that a speed trap spans is of little practical value. The
travel times at a speed trap are effectively the same point measurement of traffic as the
speeds calculated from the trap. This point measurement can be used to extrapolate
travel times between two locations; however it does not account for any conditions
on the roadway that may hasten or slow traffic between the location of the speed
trap and the point to which travel time to is being estimated. The more interesting
application is the dual speed trap scenario, between two speed traps a measureable
distance apart. The spacing between the speed traps can be as short as a few city
blocks in an arterial road application, or a half of a mile in a highway situation.
6.2.1 Single Speed Trap
Before exploring the case of dual speed trap travel time estimation, it is of interest
to explore the single speed trap scenario. In the single speed trap scenario, vehicles are
re-identified between the lead and lag sensors of a speed trap, with ground-truth being
determined automatically by the timing between the lead and lag signatures. While
the ground-truth is known, vehicles are re-identified independently of this knowledge
using the correlation based method of signature re-identification discussed in Chapter
4.1. From this matching of upstream (lead sensor) and downstream (lag sensor)
signatures, the travel time distribution for the speed trap can be determined using
40



















(a) No Feasibility Constraints Applied



















(b) Feasibility Constraints Applied
Fig. 6.2. I-65 MM 128 All Vehicles, Single Speed Trap.
the methodology previously described. Since the travel time across 20 feet is on the
order of 200 ms at highway speeds, the estimated travel times for the single speed
trap scenario are not presented. However by analyzing the travel time distribution,
one can infer how accurately inductive and magneto-inductive installations re-identify
vehicles. In the following single speed trap experiments, an upstream match was found
for each downstream signature. For a single speed trap this is an arbitrary choice.
Fig. 6.2 shows the travel time distribution for the I-65 MM 128 site, where without
applying any feasibility constraints, 59.29% of all vehicles are correctly re-identified.
By limiting the distribution to only feasible travel time values, 87.9% of vehicles
are correctly re-identified. For this experiment all negative travel time values were
considered infeasible, and any values greater than 50 minutes were considered unlikely.
While setting the “unlikely” threshold at 50 minutes is excessive considering that the
average travel time for this data set is less than one half of a second, this threshold
must be chosen carefully. An “unlikely” threshold that significantly narrows the
feasible window can artificially force estimated travel times to fall within a certain
time window, which may be drastically different from the true travel time of the traffic
stream. It is therefore advisable to use a generous value when choosing a threshold





































































(d) MM 66.6 Right Lane
Fig. 6.3. I-70 Single Speed Trap Matching.
Fig. 6.3 shows the travel time distributions for the four sites on I-70. The MM
67.3 center, MM 66.6 center, and MM 66.6 right speed traps show that vehicles are
re-identified with a high rate of success within these speed traps. These percentages
of correct re-identification, inferred from the frequency of the largest bin in the travel
time histogram, support the conclusions of Chapter 5 regarding an issue between the
lead and lag sensors at the MM 67.3 right lane installation.
As mentioned in Chapter 2.4, vehicle re-identification performance can be im-
proved by analyzing atypical vehicles. Fig. 6.4 shows the percentage of vehicles
correctly re-identified at I-65 MM 128 is significantly improved when focusing on
atypical vehicles. Atypical vehicles were determined using the procedure outlined in
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(a) No Feasibility Constraints Applied



















(b) Feasibility Constraints Applied
Fig. 6.4. I-65 MM 128 Atypical Vehicles, Single Speed Trap.
Chapter 2.5, with a threshold of 0.7. The atypical travel time distribution was cre-
ated using the already calculated travel time estimates for the entire traffic stream,
and choosing only the travel time estimates created by vehicles whose downstream
(lag sensor) signatures were found to be atypical. Table 6.1 summarizes the results
of atypical filtering for I-65 MM 128 and the I-70 sites.
Atypical filtering at the I-70 sites shows little to no improvement in re-identification
at the “good” detector installations, while it shows a significant improvement when
applied to the “bad” test site, MM 67.3 right lane. For installations with already
high rates of intra-trap re-identification, atypical filtering appears to be of minimal
value. The lack of a performance increase for the “good” I-70 installations when ap-
plying atypical filtering is also possibly a result of the method used to detect atypical
vehicles is not being fully refined, at least for magneto-inductive sensors. This is
because there are a range of ∆f/f waveform shapes that are generated by typical
vehicles. Testing all vehicles against a single signature may be too coarse of a filter
for finding atypical vehicles. A bank of matched filters, whose impulse responses are




Single Speed Trap Re-Identification
Location NVehicles %Correct − Total NAtypical %Correct − Atypical
I-65 MM 128 1076 59.29% 87 96.55%
I-70 MM 67.3 WC 750 78.13% 224 82.14%
I-70 MM 67.3 WR 700 32.00% 148 64.86%
I-70 MM 66.6 WC 483 78.05% 188 74.47%
I-70 MM 66.6 WR 77 96.10% 35 91.43%
6.2.2 Dual Speed Trap
The dual speed trap scenario consists of vehicles re-identified between an upstream
and downstream speed trap, with ground-truth being determined from manual review
of the video coinciding with the ∆f/f data. As in the single speed trap case, vehicle
re-identification is performed independently of the ground-truth data. With the ad-
ditional speed trap, there are now four different measurements of a vehicle’s profile
that are recorded, which yield four unique travel time distributions for travel between
the two speed traps. In a practical implementation of this approach it is likely that
some statistical combination of the four unique correlation coefficient matrices that
produce these four travel time distributions would be used to calculate travel time
for the vehicle stream in a dual trap scenario.
A dual speed trap experiment was initially performed at the Stadium Ave. and US-
231 test site (Fig. 6.5). Due to the location of the downstream speed trap (NBM2,1)
at the stop bar, a significant amount of signatures were of stopped and queuing vehi-
cles, which resulted in only a few number of vehicle signatures were cleanly captured
at both the upstream and downstream location. The low performance in correct re-
identification was initially attributed to the low number of vehicle signatures recorded,
122, and that due to the location of the speed traps a lower than usual percentage of
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(a) Lead - Lead















(b) Lead - Lag
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(d) Lag - Lag
Fig. 6.5. US-231 NBM7,5 - NBM2,1 Matching.
atypical signatures were cleanly captured, since atypical vehicles tend to get caught
at the stop bar, thus rendering their signatures useless for re-identification.
In the I-70 dual speed trap experiments, an upstream match was found for each
downstream signature. This was done because of the highway exit located between
MM 66.6 and MM 67.3. Due to the previously mentioned issues with the performance
of the MM 67.3 right lane installation, only matching results involving the center
lane are presented. Analysis of travel time estimation between the right lanes of
MM 66.6 and MM 67.3 showed degraded performance compared to the center lane,
and is considered to be a result of the poor performance of the MM 67.3 right lane
installation.
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Fig. 6.6 shows the four travel time distributions for the dual speed trap matching
between the center lane speed traps of I-70 MM 66.6 and MM 67.3. The largest
bin in these travel time distributions is readily apparent and provides an accurate
estimate of the travel time for the traffic stream, summarized in Table 6.2. However,
when compared to Fig. 6.3, it becomes clear that the number of vehicles correctly re-
identified has significantly decreased, from approximately 75% correctly re-identified
to 15%. This is likely a result of the previously mentioned complexity in magneto-
inductive signatures not being reproducible between detector installations. However,
as long as the largest bin in the travel time histogram is significantly larger than
all other bins, despite a large number of erroneous matches overall, one can still
accurately estimate the travel time of a traffic stream.
The travel time histograms for only atypical vehicle are not presented because
atypical filtering yielded only minor improvements in re-identification rates over an-
alyzing all vehicles. It is the assertion of this author that the decrease in correct
re-identification percentage would be less significant if inductive sensor speed traps
were used in place of magneto-inductive sensors. At present there are no suitable
dual inductive speed trap sites for testing, which has prevented this experiment from
being conducted.
Table 6.2
I-70 MM 67.3 Center - MM 66.6 Center Travel Times (Figure 6.6)






































































(d) Lag - Lag
Fig. 6.6. I-70 MM 67.3 Center Lane - MM 66.6 Center Lane Matching.
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6.3 Tracking Travel Time
Estimating the travel time of a traffic stream of the course of an hour is a good
initial step, however this is of limited use. Ideally one would like to have measurements
of travel times that are as close to instantaneous as possible. A change in travel time
is indicative of a change in the flow of a traffic stream. A significant decrease in travel
time is likely a result of congestion on the road, possible resulting from an accident
or abrupt changes in weather. While cameras and other monitoring equipment can
be used to identify problems on the roadway, travel time estimation provides another
means of alerting a department of transportation (DOT) that there is a problem. This
method can indicate problems in areas where there is limited or no video coverage
of the road. If the travel time drops below a predetermined threshold or changes
drastically, state DOT engineers can be alerted to the problem, possibly before it is
noticed from the video feed from the road. Also, the closer the travel time estimates
are to instantaneous, the more useful these estimates are for changing the timing of
signal patterns on arterial roads, or suggesting alternative routes to drivers in order
to avoid possible congestion.
For the experiment conducted on I-70 on 8/14/2007, it was experimentally de-
termined that in order to achieve reliable estimates of travel time approximately 70
signatures, at both the upstream and downstream locations, were needed. It was
found that a window size of ten minutes produced reasonable results, and was used in
this experiment. Fig. 6.7 shows the results of the estimated travel times between the
MM 66.6 center lane and the MM 67.3 center and right lanes, along with an average
of the ground-truth travel times for that same window. Signatures from the upstream
and downstream locations that occurred during a ten minute window were matched
against each other using the correlation based approach described in Chapter 4.1. The
estimated travel time for each window was then calculated by the method detailed in
Section 6.1.
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The center lane signatures from MM 66.6 were matched against the center and
right lane signatures of MM 67.3 in order to allow for the matching of signatures of
vehicle that crossed from the right lane to the center lane between the two detector
stations. These crossover signatures, while small in number, did occur. Signatures for
the right lane of MM 67.3 were given equal weight with the signatures from MM 67.3
center as possible matches for MM 66.6 center signatures. It is possible to weight
these cross-lane signatures in a way that accurately reflects the probability that a
vehicle changes lanes between the two detector stations, as well as minimizes the
chances of an incorrect re-identification to a cross-lane signature. This extrapolation
of the framework presented here-in is not the focus of this research, and is left as an
avenue of future work.
As seen in Fig. 6.7, the estimated travel times from the four permutations of
upstream and downstream, lead and lag sensors are reasonable approximations of the
travel time of the traffic stream in each window. While there was not a data set
collected that contained a significant change in travel time, this work establishes a
framework for how one might go about tracking a changing travel time.
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Fig. 6.7. I-70 MM 67.3 Center & Right Lanes - MM 66.6 Center Lane
Travel Time Estimates (10 Minute Windows).
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7. SUMMARY
In conclusion, it has been shown the waveforms generated by inductive and magneto-
inductive vehicle detectors can be used to perform vehicle re-identification over non-
trivial distances, as well as in the evaluation of the performance of the detector
installations. By examining the distribution of the correlation coefficients between
signatures of the same vehicle, calculating SNR∗ for a sensor, and determining the
distribution of ∆tResidual, one can gain a greater understanding of a detector instal-
lation’s performance than can be obtained using the current common practices for
installation evaluation. While vehicle re-identification with inductive and magneto-
inductive sensors is not perfect, these sensors are a part of the existing transportation
management infrastructure and can be used to accurately estimate the travel time of
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